The authors examine an increasingly popular open innovation practice, "design crowdsourcing," wherein firms seek external inputs in the form of functional design solutions for new product development from the "crowd." They investigate conditions under which managers crowdsource design and determine whether such decisions subsequently boost product sales. The empirical analysis is guided by qualitative insights gathered from executive interviews. The authors use a novel data set from a pioneering crowdsourcing firm and find that three concept design characteristics-perceived usability, reliability, and technical complexity-are associated with the decision to crowdsource design. They use an instrumental variable method accounting for the endogenous nature of crowdsourcing decisions to understand when such a decision affects downstream sales. The authors find that design crowdsourcing is positively related to unit sales and that this effect is moderated by the idea quality of the initial product concept. Using a change-score analysis of consumer ratings, they find that design crowdsourcing enhances perceived reliability and usability. They discuss the strategic implications of involving the crowd, beyond ideation, in helping transform ideas into effective products.
I ncreasingly, firms are tapping into a wide range of external sources of knowledge to source innovations (Chesbrough 2003; Laursen and Salter 2006) . One popular facet of this new trend is the leveraging of online infrastructure to tap an underexplored and richly heterogeneous pool of knowledge resident in the general population of consumers for innovative ideas (Bayus 2013) , a practice termed "crowdsourcing." Extant research on the efficacy of using external sources of knowledge for innovation has centered on the opportunity identification stage (Foss, Lyngsie, and Zahra 2013) . For example, research in marketing has examined the practice of involving the crowd during ideation (e.g., Bayus 2013; Poetz and Schreier 2012) and has suggested that such early involvement in new product development (NPD) empowers potential consumers while enabling firms to attract more participants overall and more diverse participants to the idea generation process (Fuchs, Prandelli, and Schreier 2010; Schreier, Fuchs, and Dahl 2012) .
Recent evidence has suggested that the role of external knowledge sources may go beyond opportunity identification and extend to opportunity exploitation stages (Foss, Lyngsie, and Zahra 2013) . Congruent with this idea, firms are increasingly using crowdsourcing in phases following ideation, specifically, in the solicitation of actionable design solutions (see Table 1 ), a practice we call "design crowdsourcing." We define design crowdsourcing as the practice of soliciting functional design 1 solutions from the crowd. For example, crowdsourcing platforms, such as Redclay.com, allow firms to submit new product design briefs and seek crowd input for the development and/or refinement of the design. In such situations, the client firm already has a new product idea, but may lack the resources or know-how to bring this idea into fruition, and, therefore, seeks external input from the broader user community to help create a manufacturable design. 1 Many of the design crowdsourcing platforms focus on the manufacturing makeup of design; thus, our study focuses on functional design rather than aesthetics. This use is also consistent with extant research studying the early phases of design with a "focus on functional performance in product design, as opposed to the product's aesthetic qualities or appearance" (Dahl, Chattopadhyay, and Gorn 1999, p. 19) . Various companies post creative briefs with the needs and requirements for new industrial and consumer products. Designers submit design concepts for the product and the firm chooses the ones to utilize.
Unilever Consumer packaged goods company
Unilever operates an open-innovation website, Unilever Foundry, where it collaborates with its community, and many projects involve design crowdsourcing. As stated on its website, "Often we will have specific challenges on which we'd welcome your collaboration: a new formula, a new technique, new packaging or a fresh design solution to a product we already have in mind " (Unilever 2016, emphasis added).
Fiat
Global car company Fiat crowdsourced the design of its Fiat Mio: "Fiat, sought a design for its 2009 concept vehicle, the Fiat Mio. Rather than turning inward to its core team of designers and engineers to come up with the new look, the company... let the world decide how the car would look, feel, and drive" (Markowitz 2011) .
eYeka Third-party website that serves as crowdsourcing platform for brands. Client list includes Procter & Gamble, Nestlé, and Citroen
Firms post ideas for new products along with creative briefs and ask the community to submit design ideas. For example, one firm asked for designs for a new interactive learning and entertainment product for children, and the community submitted design ideas.
Local Motors
Open-innovation car company and community Local Motors launches a car idea to its community and asks for help in creating and implementing the design. The community, consisting of designers and engineers, collaborates and submits designs for the various car parts.
General Electric (GE) Open Innovation
Branch of GE that generates ideas from consumers via crowdsourcing challenges GE gives a description of the product it is looking for, along with a few sample sketches, and asks the community to submit design concepts. Submissions include text descriptions of how the product works, along with pictures/sketches. Winners receive cash rewards.
Hyve Crowd A German third-party crowdsourcing site. Clients include Audi and BMW.
Firms post various requests for product-related ideas, many of which include design requests. For example, companies highlight a specific type of product they are looking for and ask the community to submit concepts and design solutions.
Red Clay Platform that connects brands with a community of industrial designers.
Small businesses submit product design briefs that are worked on by a community of industrial designers. The project is matched to a small group of designers who submit designs that are then chosen by the firm in a contest format. Thereafter, the firm owns all IP.
Design2Gather
Third-party crowdsourcing platform designed to help firms develop ideas into actionable designs
Companies post product ideas that are then worked on by hundreds of designers to develop a manufacture ready design. Their tagline is "making your idea reality."
a Sources of the data for the empirical analysis in the study.
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These compelling anecdotal examples raise interesting research questions: Does design crowdsourcing lead to a better new product development process? Does design crowdsourcing lead to improved products and performance? Whether and how crowdsourcing affects critical downstream activities, such as executing ideas in the NPD process, has received little research attention. In fact, studies have highlighted the significant challenges of internalizing external input into the NPD process, including the rejection of outside input by insiders (Katz and Allen 1982) , the costs of distant searches (Afuah and Tucci 2012) , and the difficulty of communicating tacit information needed for problem solving (Von Hippel 1994) . Furthermore, scant research has linked crowdsourcing to product performance (for an exception, see Nishikawa, Schreier, and Ogawa 2013) , and current literature has focused primarily on crowdsourcing during ideation.
The goals of this research are to examine (1) whether and how design crowdsourcing affects the NPD process; (2) what design antecedents lie behind the decision to crowdsource; (3) whether design crowdsourcing has a positive impact on product performance-and, if so, to identify some boundary conditions for this effect; and (4) whether design crowdsourcing helps improve the functional design attributes of product ideas. We use the knowledge-based theory (Alavi and Leidner 2001; Chang and Taylor 2016) , as well as exploratory insights from interviews (suggested by Kumar et al. [2016] to uncover new phenomena), to propose that (1) the crowd is a repository of design knowledge and design crowdsourcing is a mechanism that enables firms both to tap into the broader community for workable design solutions and to assimilate/exploit these solutions to aid the transformation of new product ideas into products, (2) such identification and the exploitation of external design solutions will improve new product performance, and (3) the efficacy of design crowdsourcing on performance will depend on the quality of the original product ideas.
We test our hypotheses using a novel data set of 86 new products collected from Quirky, a pioneering, community-driven NPD website. The empirical analysis on this data set indicates that the probability of design crowdsourcing was influenced by a need to increase perceived usability and reliability and to decrease technical complexity. Using an instrumental variable procedure (Wooldridge 2010) for dealing with endogenous binary variables, we find that design crowdsourcing has a positive effect on sales, as proposed, with an important boundary condition. The positive impact of design crowdsourcing on sales is contingent on the idea quality of the original product concept-design crowdsourcing is associated with increased sales when the idea quality of the product concept is low. Furthermore, design crowdsourcing enhances perceived reliability and usability from idea to final product.
Our results suggest that design crowdsourcing can help managers move a greater number of ideas through development by using the community's assistance in making (initially) lesspromising ideas marketable, thus improving the effectiveness of the NPD process. Rather than discarding such ideas, firms may use external sources of knowledge to develop them and interact with these sources extensively to ensure that the outcome is of high quality. In addition, we highlight specific design functionalities that managers can improve using design crowdsourcing, allowing for a more targeted approach when leveraging crowdsourcing. Finally, our findings suggest opportunities for crowdsourcing platforms to market themselves as solution spaces that provide tangible downstream benefits through enhanced functional attributes. The next sections present the conceptual development as well as managerial insights into design crowdsourcing leading to the hypotheses, data, modeling methodology, results, and discussion.
Conceptual Development
Design Crowdsourcing and Knowledge Management Grant (1996, p. 112) states that "fundamental to a knowledgebased theory of the firm is the assumption that the critical input in production and the primary source of value is knowledge." A firm's ability both to create new knowledge and to apply knowledge forms the basis of developing a competitive advantage (Alavi and Leidner 2001) . One online mechanism that grants firms access to a wide, diverse knowledge pool is crowdsourcing (Schreier, Fuchs, and Dahl 2012) . Extant marketing literature has treated the crowd as a resource base for new ideas and treated crowdsourcing as a mechanism that enables the identification of new ideas from this resource base. However, firms may also need to engage external resources, such as the crowd, for opportunity exploitation (Foss, Lyngsie, and Zahra 2013) . We propose that the crowd is also a knowledge source for design solutions, which are utilized to solve firm-specific problems in the context of new product development.
Knowledge management theory suggests that the identification/ acquisition and assimilation/exploitation of externally generated knowledge improves innovation performance (Cohen and Levinthal 1990) . However, in the context of design crowdsourcing, little is understood about how this process manifests itself in practice. Given the lack of research into design crowdsourcing, our research begins with qualitative interviews to investigate this question and then integrates the findings from the interviews with a literature review.
Qualitative Interviews
We conducted exploratory interviews with practitioners from the United States, China, Italy, Israel, and the United Kingdom who had extensive experience with crowdsourcing (see Table 2 ). Because the purpose of these interviews was to assist in theory development, we ensured that the interviewees were familiar either with the experiences of established firms that engaged in crowdsourcing or with start-ups whose business models involved crowdsourcing. We followed a standard format and approach for each interview. 2 The authors carefully read the interview transcripts and notes and documented the main concepts and themes that emerged.
Insights on Design Crowdsourcing and New Product Performance
In this subsection, we explore the link between design crowdsourcing and new product performance by utilizing common themes from the interviews and the literature review.
Design crowdsourcing helps firms move product ideas into development. "How can I execute my innovative ideas?" is a question that represents an increasing concern for chief executive officers and business executives (eYeka 2016). For example, an executive of a design crowdsourcing firm noted this about her clients:
These people come with new ideas in innovation; they have a great innovation, but they're not really sure how to make that innovation happen. (Cofounder and chief operating officer, design crowdsourcing firm)
Design crowdsourcing helps make development a reality in situations where firms know what product or solution they want but are looking for an executable design. The difference between using the crowd to obtain design solutions and using the crowd for ideation itself seems to be twofold: First, the emphasis of ideation crowdsourcing may be on an unconstrained flow of ideas, whereas design crowdsourcing involves the crowd tackling a focused need and, thus, all submissions and iterations are working toward solving the same problem. Second, the solution space in design crowdsourcing may also be smaller (i.e., more manageable). From our investigation of design crowdsourcing websites, the number of design submissions (being in the tens or hundreds and not thousands, as, for instance, in ideation challenges) were more tractable for clients (especially small businesses). Thus, design crowdsourcing moves product ideas closer to development and, thus, to delivering value: Different crowds [are viewed] as layers of technology that can powerfully work together. In online sourcing from a crowd ... you're connecting multiple people to get to an end solution. The ideas become more powerful when you bring these different skill sets together ... to get to a solution a little more efficiently. (Cofounder and chief operating officer, third-party design crowdsourcing platform)
Design crowdsourcing helps identify new sources for and types of design solutions. A consistent theme from our interviews was that although in-house specialists may be constrained by their past experience while trying to create new design solutions, crowdsourcing brings in novel and fresh solutions to design problems. For example, when asked why managers would crowdsource product design, one expert noted: When asked whether there were differences in the kinds of solutions companies were looking for, an executive commented on the criticality of diversity of perspectives:
I think it really depends on the company because some of our smaller and medium sized companies don't have any design talent in-house, so they're really looking for that design. Then the companies that do have design talent in-house, they're looking to get more of a new perspective and understanding that when you pull more than two designers into a project, you're going to get a very diverse amount of perspective, which starts to really begin the true design thinking of why we design and go through the full process, which is pulling those different ideas together, iterating on them this idea that there's a community to build on them versus one person's way of thinking. (Cofounder and chief operating officer, design crowdsourcing firm)
This point is consistent with the literature that finds that user involvement in design generates greater numbers of diverse, need-specific, and unconstrained designs (Schreier, Fuchs, and Dahl 2012) compared with in-house design. Furthermore, managers believed that the utilization of the crowd led to a greater congruency between design and user needs. As noted by a leading design expert:
Just having ideas doesn't work. The question is, really, who are you solving it for? Insights and the human side of design is the most important aspect you can add.... I think using design as a differentiator is what we're seeing in the market. (Former president of a leading crowdsourcing firm/design consultancy group) Managers are continually looking for ways to respond to consumers' wants and needs in a way that optimizes firm resources (Fennell and Saegert 2004) . Firms are thus able to use design crowdsourcing to integrate knowledge to develop a product more congruent with consumer needs, which is more likely to succeed when it enters the marketplace.
Design crowdsourcing increases available resources for NPD. Nearly every manager interviewed mentioned that design crowdsourcing serves as a resource-supplement strategy that simplifies and accelerates the flow of the NPD process:
A lot of those (client) companies are small. They need to move quick and they need to keep their prices down, so budget becomes a big concern. Innovation becomes a concern. (Cofounder and chief operating officer, design crowdsourcing firm)
I'm doing all the things that I'm doing as a typical product development cycle, but I'm actually accelerating that by getting the crowd involved.... You know your product, you know your design. You know what you're good at, but you're intentionally leveraging the crowd to get into the market fast. Popular press publications also use words like "efficiency," "simplify," and "streamline" when describing why firms crowdsource during NPD. Traditional NPD processes are constrained by resource availability, such that only a small number of the "best" ideas can be implemented. Accessing the crowd increases the knowledge resources available to a firm by both leveraging the skills and expertise of hundreds of people outside the organization and freeing up firm resources, allowing for the development of a greater number of ideas.
Design crowdsourcing may be iterative and collaborative. Design crowdsourcing is not just about obtaining new ideas but also about refining and fine-tuning ideas, and it provides the capability to engage in a high degree of collaboration with the broader community. This represents one of the key differences from traditional ideation crowdsourcing, wherein the firm may select novel ideas, but there is not much collaboration going forward (Bayus 2013 ). The selected designers, suppliers, and clients often (depending on the crowdsourcing platform) work together collectively, using insights they gain from design submissions to iterate toward a manufactureready product. Because members of the "crowd" are neither familiar specialists nor a part of the internal team, there is a need for closer monitoring and internal involvement to move toward a solution. Furthermore, the process of iteration often results in a better translation of tacit suggestions to workable solutions: In summary, a firm has the choice of whether to involve the crowd in the design phase or to simply refine the product design in-house. Our exploratory insights suggest that design crowdsourcing enables firms to (1) translate ideas into executable solutions, (2) provide access to new sources that can provide novel and meaningful design solutions, (3) help increase the resources available for NPD, and (4) help create a more iterative and collaborative process in integrating external solutions with inhouse guidance. Because a firm's "ability to identify, assimilate, and exploit knowledge from the environment" is related to a firm's innovative performance (Cohen and Levinthal 1990, p. 128) , it follows that identifying, assimilating, and exploiting knowledge using design crowdsourcing should increase a new product's performance.
In the specific case of NPD, we expect all four of these factors to contribute to new product success, as prior literature has suggested that (1) the development of an increased number of new products that more accurately reflect customer preferences during the NPD process improves NPD performance (Joshi and Sharma 2004) ; (2) design newness and creative solutions that are novel and meaningful to consumer needs are key determinants of new product success (Talke et al. 2009 ); (3) slack creates resources that help better exploit existing competencies, explore new competencies, and develop innovations (Atuahene-Gima 2005); and (4) conscious and meaningful customer interactions in the form of engaging with the design of new products (along with or in addition to ideas) will provide a differentiating advantage to the firm in the marketplace (Ramani and Kumar 2008) .
Thus, drawing on the insights derived from our interviews and past theory, we propose: H 1 : Design crowdsourcing has a positive effect on new product performance.
Moderating Effect of Initial Idea Quality
A key premise of the prior hypothesizing on crowdsourcing's positive effect on new product performance is that crowdsourcing the design will help make the product more marketable. What if the initial raw concept (idea) was already marketable? Kornish and Ulrich (2014) establish that better ideas, as assessed by commercial value (purchase intent of the raw concepts), lead to increased sales. Their finding raises two important questions: (1) Is there incremental value added by involving the crowd in suggesting design solutions if the initial product idea itself is good? and (2) Can firms extract value from lower-quality ideas rather than from discarding them?
The managerial insights showed that design crowdsourcing likely leads to an evolutionary process of the new product idea. As one manager said of a product that she managed, "The product just kept developing and iterating." Because design crowdsourcing draws on the knowledge of the crowd to improve functional attributes and involves a process of iteration, it is likely that product ideas with a significant need for improvement will benefit most from the process. We propose that when the idea quality is low, the incremental value of design crowdsourcing will be high. When the initial quality of the raw idea is high, the firm might be better off with in-house design.
This line of thinking is consistent with the broader nature of organizational conflict in the exploration of new and exploitation of current knowledge. Andriopoulos and Lewis (2009) conduct a comparative case study approach of five leading ambidextrous firms in the product design industry. They note that whereas exploitation demands efficiency and convergent thinking to improve product offerings, exploration involves search and experimentation efforts to generate novel recombinations of knowledge, creating tension. Furthermore, there is tension between, on the one hand, the use of standardized best practices for NPD that may breed rigidity, and, on the other hand, engagement in new routines that may bring in fresh thinking and free up resources but may also be less efficient. Organizations often have best practices and routines in place to progress their most promising ideas with their in-house research and development/design teams. Thus, for the best ideas, design crowdsourcing may be less beneficial, because the challenges associated with processing and assimilating new and diverse design solutions may outweigh potential benefits. However, for less marketable ideas, design crowdsourcing may facilitate the process with better interaction to help evolve and develop ideas, leading to better performance. Furthermore, lower-quality concepts can be used as an opportunity to learn which attributes are important to customers, which in turn helps firms develop higher-quality products (e.g., Ries 2011, p. 107) . Design crowdsourcing can help uncover such attributes to improve the NPD process. Thus, we propose,
The positive impact of design crowdsourcing on new product performance is greatest for products with low initial idea quality.
Functional Design Attributes as Antecedents to Design Crowdsourcing
Design crowdsourcing is not a one-size-fits-all strategy to be leveraged ubiquitously. Rather, as one executive noted, "[it needs to be] a very cautious and well-designed, well-thoughtout approach." The decision to design crowdsource is strategic and based on product, people, and cost considerations. The next question we consider is how specific design attributes of the product concept may guide the choice of design crowdsourcing. We searched extensively within various literature streams for product design attributes that influence product success and user acceptance (e.g., Poetz and Schreier 2012) . We retained five influential design attributes judged by current literature to be relevant and useful in enhancing user response and experience, as well as two core objectives for the utilization of external inputs from users. 3 We then assessed whether the crowd's design knowledge and inputs may help better these attributes. Next, we describe briefly how these functional attributes influence decisions to crowdsource (see Web Appendix Table WA1 for references to these attributes from extant literature and managers).
Technical complexity. We define technical complexity as the perceived degree of complexity due to the technical nature of the design. New products in their initial phases are often complex and need to be simplified. The more complex the design, the costlier it is to build, sell, and service a product (Radjou and Prabhu 2015) and the greater the need for access to a wider range of capabilities, user involvement, and design choices (Gann and Salter 2000; Hobday 2000) . Insights from theory and practice (Web Appendix Table WA1 ) suggest that managers may use design crowdsourcing to simplify the technical complexity of the product. Thus, we expect that the probability of design crowdsourcing will increase with increased levels of perceived technical complexity of the product idea.
Usefulness. Usefulness is defined as the product's ability to meet customer needs (Moldovan, Goldenberg, and Chattopadhyay 2011) . User-designed products are perceived as better able to meet the needs of customers than professionally designed products (Poetz and Schreier 2012) . Drawing on extant literature and current practice (Web Appendix Table  WA1 ), we expect that the probability of design crowdsourcing will increase with lower levels of perceived usefulness of the product idea.
Reliability. Perceived reliability relates to how well a product is likely to perform, encompasses aspects such as durability and dependability (e.g., Grewal et al. 1998) , and influences perceptions of value and purchase intentions. Managers may look to the crowd for ideas on enhancing reliability. For instance, many design proposals on Crowdspring (a design crowdsourcing website; see Table 1 ) use the words "durable," and "reliable" in describing what they want in a product design sketch. Even when someone is given a simple product brief, evaluations of durability can be assessed. For example, one industrial designer working on a simple paper sketch, said, "whenever I am sketching, I want to make sure ... it looks durable, that's going to have to come across in the overall design" (Troy 2015) . Thus, we expect that the probability of design crowdsourcing will increase with lower levels of perceived reliability of the product idea.
Usability. We define perceived usability as the expected extent of effort (physical or mental) required to use the new product. March (1994, p. 144) notes that "user-centered design ... encompass[es] the cognitive aspects of using and interacting with a product, or how logical and natural a product is to use." Thus, user inputs may be valuable in enhancing usability of the concept, which can be assessed in early stages (see additional insights in Web Appendix Table WA1 ). For example, in the product briefs submitted to Crowdspring, managers requested a product that "is easy to setup and use," "will be easy to install," and "is unobtrusive and easy to use." Thus, we expect that the probability of design crowdsourcing will increase with lower levels of perceived usability of the product idea.
Novelty. Novelty refers to the degree of newness or originality of the product (e.g., Moldovan, Goldenberg, and Chattopadhyay 2011; Talke et al. 2009 ). Poetz and Schreier (2012) demonstrate that user-designed products scored higher on novelty than professionally designed products (see practice insights in Web Appendix Table WA1 ). Thus, we expect that product ideas with lower perceived novelty will have a higher likelihood of being crowdsourced. In summary, H 3 : The probability of design crowdsourcing increases with perceptions of (a) higher levels of technical complexity, (b) lower levels of usefulness, (c) lower levels of reliability, (d) lower levels of usability, and (e) lower levels of novelty of the original product concept.
Nonlinearity of antecedents. While the associations proposed in H 3 relate to the initial directional nature of the relationships, these relationships need not be strictly monotonic. For example, when creating new products, Rust, Thompson, and Hamilton (2006) recommend offering enough functionality for the product to not be too simplistic, but not so much that consumers perceive the product as being too difficult to use, suggesting a nonlinear effect of usability on product success. Similarly, while managers noted that they are more likely to use crowdsourcing as technical complexity increases, as one of the interviewed managers noted, in some instances crowdsourcing is not possible, "because you cannot expect the general crowd to be intelligent in terms of your mechanical [engineering] ." In the absence of a specific theory, we do not propose precise directions but leave it to the empirics to model these nonlinearities. We synthesize these collective insights and theories into Figures 1 (broad conceptual framework) and 2 (specific design crowdsourcingperformance link).
Data

Empirical Context
We collected data on new product concepts from publicly available information from Quirky, a pioneering, communitydriven NPD website where members submit new product ideas and participate in development efforts. Staff sorted through idea submissions and selected idea(s) to move forward. Once an idea was selected, Quirky's management decided what help they wanted from the community. The Wall Street Journal described the process as such:
Each week, Quirky's staff whittles down the stream of new ideas into a dozen or so top picks that are scrutinized and voted on.... At that point, engineers and designers, working out [of] a vast red brick warehouse in New York and three other locations, turn sketches into marketable products, tapping the online community for suggestions about design, product names and price points. (Simon 2014) Quirky's community members were promised a portion of the product sales in exchange for their participation. Quirky's staff chose to ask for help in designing the product and selecting the name, logo, or pricing, or any combination thereof. We captured whether Quirky asked its customers to aid in the design phase. As stated on the website, in the design phase, Quirky asked its community members to "submit sketches, images, videos, and prototypes that illustrate industrial design directions for [the product]. We'll use the top concepts as a starting point for our final design." The staff made the final decision on design selection. Quirky had no obligation to utilize any ideas from the community, and the staff selected the phases in which to involve the community. Note that this is a similar situation faced by firms that have a product idea and must decide whether to further develop the design in-house or crowdsource the design.
Description of Empirical Setting and Data
Our data set includes the 86 different products sold on the Quirky website during our data collection period in October 2014. Quirky was very transparent with details about the NPD process, design contributions, and sales, which makes this original data set unique and valuable for addressing our research questions. We gathered three key pieces of information from the website: First, we retrieved the raw new product idea as submitted by the original community member, including the text describing the product and, if available, pictures or sketches submitted by the original inventor. (Web Appendix Figure  WA1 provides an example of the Quirky design process.) Second, we collected information on whether Quirky subsequently asked the community to help with the product design (yes/no). The third key variable we collected from the website was monthly unit sales for each product, which Quirky published on its website.
Measures: Key Dependent, Independent, and Control Variables
New product performance. To assess new product performance, we used data on total sales of new products (including sales from both its website and retailing partners [e.g., Amazon, Costco]). Because not all products are released at the same time, we used total units sold in the first year, starting with the first complete month that Quirky reported. Of the products in our data set, we observed sales for a full 12-month period for 66 products (77%). For the remaining 20 products, we used a simple three-month moving average approach to estimate the sales for the missing months. 4 Decision to design crowdsource. We collected information on whether Quirky asked the community to help in the functional design of each of its selected ideas (yes/no). This event was clearly defined by Quirky as the "design phase." In response to such requests for help, community members submitted product drawings or sketches from which the Quirky staff selected the best one. Community members had a high degree of autonomy when it came to submitting designs. The submission could be similar or different from the original idea; all that was required was that it kept to the general essence of the product's purpose. Of the products in our data set, 22 (26%) did not go through a design phase with community help.
Functional attributes of design. We utilized consumer ratings of the functional design attributes because managerial crowdsourcing decisions will be based on consumer perceptions. As one manager noted, "This leads to your ... question [about when one incorporates the end user]. I believe it is key to empathize with the end user(s) throughout the entire design process." We recruited 119 undergraduate business students at a large U.S. university to assess raw product ideas. We took a similar block design approach as in prior research and divided the 86 products into 14 different blocks, with 6-7 products in each block (Kornish and Ulrich 2014), to simplify the survey and minimize respondent fatigue. Each raw design for each final product sold on Quirky's website was randomly assigned to one of the 14 blocks. 5 Each respondent viewed the product concept (picture and description) and was asked to evaluate each design on items relating to technical complexity, usefulness, reliability, usability, and novelty. Each product was evaluated seven times, on average, by independent raters. Responses to each question were averaged across the respondents who evaluated that product. The scale questions and their reliabilities appear in Table 3 . To check the validity of the model, we successfully tested the construct scales using a confirmatory factor analysis. The root mean square error of approximation is .085, comparative fit index is .964, Tucker-Lewis index is .949, and average variance extracted is .800, all of which show good measurement validity. While larger samples are usually desirable when performing confirmatory factor analyses, these fit statistics provide confidence that our constructs meet validity assumptions. All questions were on a 1-7 Likert scale, anchored by "strongly disagree" and "strongly agree." We had one filtering question to filter out those respondents who were not paying attention (discussed in Table 3 ). All construct scales were averaged across their scale questions to create composite construct scores.
Idea quality. Along with the design constructs, after viewing the product concept, respondents answered three questions (scale items in Table 3 ) capturing the purchase intent construct (adapted from Schreier, Fuchs, and Dahl 2012) . Similar to prior research, we use purchase intent as the measure of idea quality (e.g., Kornish and Ulrich 2014).
Control variables. We collected data for product category, price, and characteristics of the idea's inventor. Our products fall into five categories, as defined by Quirky: electronics (37 products), home (17 products), kitchen (23 products), and travel and health (9 products combined). Given the small number of products in the travel and health categories, we reclassified these products into one of the other three categories.
Modeling Methodology and Results
We tested our hypotheses using two different models that are integrated in a two-step process. First, we modeled the factors that influence whether firms will crowdsource product designs using a binary response (probit) model. In this case, we modeled the dichotomous outcome (crowdsource design: yes/no) against the various ratings of design attributes of the submitted product concepts (e.g., usability, novelty) and other variables. Second, Technical complexity 1. The design of this product seems highly complex.
.869
2. This product appears very technical.
Usefulness (adapted from Moldovan, Goldenberg, and Chattopadhyay 2011) 1. This product would be beneficial. .803 2. This product fulfills a need.
Product reliability (adapted from Grewal et al. 1998) 1. The product appears be reliable. .922 2. The product appears to be of good quality. 3. The product appears be dependable.
Usability (adapted from Davis 1989; see also Venkatesh et al. 2003) 1. I would find it easy to get this product to do what I want it to do.
.887
2. My interaction with this product would be clear and understandable. 3. It would be easy to become skillful in using this product.
Novelty (adapted from Dahl, Chattopadhyay, and Gorn 1999) 1. This product is unique. .930 2. This product is original. 3. This product is one of a kind.
Initial idea quality (measured via purchase intent; adapted from Schreier, Fuchs, and Dahl 2012) 1. I would seriously consider purchasing this product right now.
.966
2. I would actively search for this product. 3. To me, purchasing this product in the future is highly probable.
a On a Likert scale measured by 1 = "strongly disagree," and 7 = "strongly agree." b Cronbach's alpha or correlations if two-item scale. Notes: To filter out respondents who were not paying attention, we included a test question worded, "If you are paying attention, click on 'somewhat agree' in the evaluation of each product." Any respondent who missed multiple test questions across the products they evaluated were removed from the analysis. This left us with 97 of the 119 respondents.
we examined the impact of crowdsourcing product designs on market outcomes (unit sales) using an instrumental variable regression controlling for the endogenous nature of the crowdsourcing decision (Wooldridge 2010) , since the firm selfselects which products will be crowdsourced (i.e., the event is not purely exogenous). The two-step process allows us to observe the variables that influence the decision to crowdsource design and enables us to utilize the probit model to address the endogenous nature of the crowdsourcing variable in the model predicting sales. Wooldridge (2010) outlines the following procedure for dealing with endogenous binary variables that utilizes the following process, where Y represents the dependent variable of interest (in our case, unit sales), G represents the binary endogenous variable (design crowdsourcing), Z represents the instruments, and X represents the vector of control variables: (1) estimate a binary choice model of dichotomous variable G on Z and a set of controls X, (2) obtain the fitted probabilities ofĜ estimated in step 1, and (3) estimate a twostage least squares (2SLS) instrumental regression model, regressing Y on G and X, usingĜ as an instrument for G. This procedure has a few notable advantages. First, it takes the binary property of the endogenous variable into account. Other procedures, such as the standard 2SLS, may produce biased estimates in finite samples. Second, note that this is different than directly inserting the fitted probabilities of the probit in place of the endogenous variable. Using the estimated probabilities in place of the dichotomous variable in a standard ordinary least squares requires very strict assumptions on the error terms and the functional form to be a valid option (Adams, Almeida, and Ferreira 2009) . Third, the 2SLS procedure is robust to misspecification in the probit model and provides consistent estimates with asymptotically valid errors when using standard corrections for heteroskedasticity in the instrumental variable estimation (Adams, Almeida, and Ferreira 2009; Wooldridge 2010, p. 939, procedure 21.1). We present these two models sequentially next.
Model Specification
Model for predicting product performance. The model used to test the relationship between crowdsourcing the design and performance, as measured by unit sales, can be represented by the following functional form: 
where Ln(UnitSales) i is the natural log of all units sold for product i in the first year. CrowdsourceDesign i is a dummy variable that takes on a value of 1 if the product design was crowdsourced and 0 otherwise. Idea Quality i is the initial idea quality of the product and is measured via purchase intent for the raw concept as discussed previously (Table 3) . We created an interaction term between CrowdsourceDesign i and Idea Quality i to test for the moderating effect of idea quality on design crowdsourcing. We hypothesized this interaction to be negative, indicating that design crowdsourcing is less impactful for high-quality product ideas. HolidayLaunch i is a dummy variable that controls for whether the product was first introduced (its first few months on the market) during the holiday season (November or December) to control for the positive proliferation effect that may come from launching the product during a high-volume period. Ln(Price) i is the natural log of the selling price of the product at the time of data collection. PCharacteristics i represents the five design-related constructs that we predict will influence design crowdsourcing, along with their squared terms. We inserted these as control variables because it is possible that these constructs will also affect the unit sales of the product. In addition, because we predicted that they will influence the decision of whether to crowdsource the design, we included them as controls to assure that the crowdsourcing variable is capturing variance unique to crowdsourcing's effect. PCategory i represents a vector of product category dummies.
Instrumenting for price. In addition, price is often considered an endogenous variable, given the simultaneous relationship between price and demand. Cost is used as an instrument for price because it is a determinant of price but remains orthogonal to the error term (e.g., Rossi 2014). Rossi (2014, p. 666) states that "the idea here is that costs do not affect demand and therefore serve to push around price (via some sort of mark-up equation) but are uncorrelated with the unobserved demand shock." The cost of raw materials does not influence demand because consumers are not aware of the cost of the items. We used the cost of raw materials as an instrument for price. Following Kornish and Ulrich (2014) , for the Quirky data, we used the pictures and descriptions of the final products being sold on the website to estimate the cost of the materials used to manufacture the product. We recruited three mechanical engineering doctoral students from the same university, with an average age of 28.5 years and all with industry work experience. These students estimated the cost of the raw materials used to produce the final product in a separate task. The three doctoral students first researched the current market costs of raw materials (e.g., metal, plastic, cotton) and then used the product pictures and descriptions of the final product to estimate the cost of the raw materials (in dollars) used to manufacture the product. We averaged their cost estimates to develop an instrument for price and utilized the instrument in the 2SLS procedure. The correlation between the natural log of price and the natural log of the raw material cost is .792.
Model for predicting design crowdsourcing. Following the methodology outlined previously, we specify the model predicting whether an item will be crowdsourced using a discrete choice specification. We derive a probit model for the design crowdsourcing decision of the new product concept i:
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where Technical i , Useful i , Reliability i , Usability i , and Novelty i correspond to their respective construct ratings. These constructs were measured by the construct scores developed from the surveys described previously. In addition to each linear term, we also included a quadratic term for each of these constructs. Controls i represents a vector of control variables. As noted by Wooldridge (2010) , the probit model should contain all exogenous control variables that are inserted in Equation 1. Instruments i represents a vector of variables used as instruments (explained in detail subsequently).
Instruments and Exclusion Restrictions
So that the probit (Equation 2) results can be utilized in the 2SLS procedure for Equation 1, the probit model must contain additional instruments (as noted by Instruments i in Equation 2) that are not simultaneously listed in Equation 1. These variables should influence design crowdsourcing decisions but should remain unrelated to unit sales. Next, we describe the instruments (inventor characteristics and cost variables) and justify their use as instruments (Rossi 2014 ).
Social network: number of community members the inventor is following. The managers in our interviews highlighted that a primary motivation behind crowdsourcing is to secure the engagement of many people. When managers crowdsource, they must forecast the likelihood that there will be enough potential problem-solvers (Afuah and Tucci 2012) to ensure diverse and better solutions. Thus, we seek a variable that will signal to the firm that a large number of people are likely to participate in providing solutions. We propose that the inventor's social network size is a good proxy for the likelihood that a large number of people will be aware of the product and, thus, will participate in the crowdsourcing process. Indeed, social connections of the inventor are something firms take into account (Lohr 2015) . Social networks can lead to a better crowdsourcing process, due to improved reciprocity, collaboration, feedback, and integration of ideas (Piller, Vossen, and Ihl 2012) . Therefore, we have a strong rationale that the social network of the inventor will matter in the decision to crowdsource design.
We look for a variable that approximates the inventor's social network and meets exclusion restrictions. The Quirky community profile allowed us to capture the number of people the inventor is "following." The act of following forms a tie in the networks literature (e.g., McGee, Caverlee, and Cheng 2013) , where the strength of the tie is indicated by markers such as reciprocity in following. The literature predicts that there is greater mobility of information and social cohesion through weak ties than through strong ties (Granovetter 1973) , where weak ties represent links with distant acquaintances, such as, in this context, following someone on an online network. Thus, irrespective of whether the follower is followed back, the act of following is a tie and all such ties form the social network.
Furthermore, businesses monitor brand-related conversations on social media platforms to gain access to valuable information, influential people, and relevant conversations (Kumar and Mirchandani 2012) . Similarly, by choosing to follow other people/inventors, the inventor keeps abreast of any key developments (e.g., inventions, opinions, trends). The act of following is an act of engagement/listening (e.g., Crawford 2009) and not an entirely costless act, as the inventor may choose to follow people on a crowdsourcing platform like Quirky depending on his or her available time and cognitive resources. Thus, an inventor who is following a large number of people belongs to a larger network with the attendant reciprocal advantages, and his or her ideas are more likely to benefit from a better crowdsourcing process. We show subsequently that this measure is also statistically informative. Thus, the number of people the inventor follows is an informative and relevant instrument that meets exclusion restriction requirements because it is unlikely to directly affect sales, as this measure is not salient to the average buyer on Quirky's website. 6 In addition, the measure contains exogenous information driving design crowdsourcing. The number of people the inventor follows is the decision of the inventor and not a result of external forces.
Product cost. We used the cost (the same instrument used for price) of the item as a second instrument. Nearly every manager we interviewed highlighted crowdsourcing as a way to reduce manufacturing and production costs. Thus, because the cost of goods sold includes the cost of raw materials and the production cost of the individual item, if the cost of raw materials is high, managers are more likely to look for ways to reduce production costs; this will enable the firm to keep the total cost as low as possible. As noted previously, we used the doctoral students to estimate the cost of the materials used to manufacture the product. This measure of cost is a valid instrument, as it is unlikely that cost directly affects consumer demand (Rossi 2014) , but it does affect the crowdsourcing decision. We further included a quadratic term for cost, because not all increases in costs will be associated with the same increases in crowdsourcing. For example, the change in probability of crowdsourcing between items that cost $10 versus $20 might be quite different than between items that cost $200 versus $210.
Finally, we also included interaction terms between the instruments-namely, cost and the number of community members that the inventor is following. The desire to lower costs will trump other external cues (such as the inventor's network) to determine whether the firm should crowdsource. Thus, the hypothesized direction for the number of people the inventor is following will hold at low levels of cost, but the effect should be nonlinear per our managerial insights, which we capture with the interaction with cost. The probit model indicates that all of the instruments are significant (see Table 4 ), and the pseudo R 2 increases from .286 to .476 with the inclusion of these instruments. We next discuss results for Equation 2 and then Equation 1.
Characteristics That Influence Design Crowdsourcing
The summary statistics and correlation matrix are included in Table WA2 of the Web Appendix. 7 Table 4 displays the results for Equation 2. Heteroskedasticity-robust standard errors are used in computing the Wald tests. The results show that while the estimated coefficients for Useful and Novelty are not significantly different from zero, the linear and quadratic terms for all the other constructs are statistically significant. Specifically, Usability i has a negative linear term (b = -62.245, p = .001) and a positive quadratic term (b = 5.418, p = .001); this suggests that, initially, the probability of crowdsourcing design decreases with an increase in usability. After the perceived usability reaches a certain level, the probability of crowdsourcing design increases. This suggests that firms are more likely to crowdsource designs that appear overly difficult or too easy to use. The lowest probability occurs at about its mean, where the squared term dominates the linear term, around 5.74 on the 7-point Likert scale (» 62.245/[2 · 5.418]). The effect of perceived reliability of the raw concept on the choice to crowdsource design follows a somewhat similar pattern. The negative linear term (b = -32.391, p = .004) suggests that as the perceived reliability of the concept increases, the probability of crowdsourcing design decreases. Thus, at low levels of perceived reliability, the firm is more likely to seek the help of the community in developing the design. The positive quadratic term (b = 3.158, p = .005) suggests that after a certain level of reliability-which occurs at roughly 5.13 (» 32.391/[2 · 3.158]), increases in perceived reliability are not associated with a decrease in design crowdsourcing.
Technical complexity (Technical i ) of the product follows a pattern opposite those of usability and reliability. The positive linear coefficient (b = 4.322, p = .006) demonstrates that the more technical a product idea is, the more likely the firm is to crowdsource design. However, with higher levels of technical complexity, marginal increases in technical complexity are associated with a decreasing probability of crowdsourcing, as indicated by its negative quadratic term (b = -.685, p = .001). The inverted U-shape of technicality shows that the highest probability of crowdsourcing is 3.155 (» 4.322/[2 · .685]) on the 7-point scale, with the lowest probability occurring at the ends. This supports the notion presented by some of the managerial insights that firms are less likely to crowdsource designs that are too technical, because the community will lack the needed expertise, and supports extant research that suggests that crowdsourcing is less likely when a firm doubts the crowd's ability/expertise to evaluate solutions (Afuah and Tucci 2012) .
Overall, these results suggest a strong relationship between the probability of crowdsourcing a design and the design attributes of the raw product concept. The constructs we hypothesized, with the exception of usefulness and novelty, were related to the decision to design crowdsource, in support of H 3a , H 3c , and H 3d . We discuss further validation of the importance of these design characteristics on design crowdsourcing decisions next.
Validating the Importance of Design Characteristics on Design Crowdsourcing Decisions
We next demonstrate that these design constructs influence similar decisions in a different data context. The following analysis is not meant to replicate the exact same decision but to provide convergent evidence that design constructs drive design crowdsourcing decisions.
Our second data set comes from Crowdspring, an online crowdsourcing platform where firms post design challenges. Crowdspring allows clients in need of design help to post their requirements and get responses from the crowd (see Web Appendix Figure WA2 ). On average, a brief receives over 90 entries, and the client typically picks a winning design from these entries. We obtained data on 27 completed design projects from Crowdspring. We retained consumeroriented products and deleted fashion-related products (e.g., clothes, jewelry) because these projects deal with aesthetics more than functional design, leaving a total of 20 projects. We collected the winning design(s) and selected ten other "nonwinning" designs at random for each of the design briefs. The submitted product designs (the winning designs plus the ten chosen at random) were evaluated using the same construct scales (Table 3) by respondents from Amazon's Mechanical Turk (MTurk). Each respondent (there was an average of eight respondents per product) saw a picture of the design submission and a write-up describing the product. Their answers were averaged to form the constructs' scores; all construct reliabilities (Cronbach's alpha) or correlations (for two-item measures) were greater than .80.
Using this new data set, we tested whether the same design characteristics that affected the earlier design crowdsourcing decision also influence which design managers select as the winning design from all submissions (and presumably choose to implement). We utilized a binary regression method similar to the previous analysis because the outcome variable is dichotomous (whether the design was chosen or not), with one modification: we controlled for the fact that each design is not independent but is clustered within a specific project and that the winner is determined from the specific cluster. We did this using a conditional logistic regression model, which is fitted to such situations where the data are based on matched cases (groups), via the "clogit" command in STATA 13. This controls for the conditional nature of the outcome variable where the likelihood estimation is calculated relative to the group. We included all five design characteristics from Equation 2 (for the results, see Table WA3 of the Web Appendix). 7 There may be a possible concern about the quadratic terms having a multicollinearity problem as a result of their linear terms. As Allison (2012) notes, high correlation between variables and their product is expected and "is not something to be concerned about, because the p-value for [the product] is not affected by the multicollinearity,... so the multicollinearity has no adverse consequences." Furthermore, the variance inflation factor analysis of the base models for Equation 2 (without interactions and nonlinear terms) confirms that multicollinearity is not an issue due to high correlations between constructs, because all of the variance inflation factor values were substantially less than ten.
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Two of the significant constructs from our prior analysis on Quirky data are also significant in this data set (p < .10)-usability and reliability-with both linear and quadratic terms significant. The probability of a design being chosen (as a winner) increases as Usability increases (b = 10.612, p = .079); its quadratic term, Usability 2 (b = -1.004, p = .069), indicates a tapering effect, suggesting that it increases at a decreasing rate. Reliability positively increases the probability of a design being chosen, (b = 18.877, p = .091), with Reliability 2 indicating a tapering effect (b = -1.882, p = .081). Technical complexity was not statistically different from zero for either the linear or quadratic terms ( p > .10). It could be that there may be a higher degree of variation in this construct when measuring across different products (such as with Quirky), but not across different designs for the same product, as in Crowdspring, where managers may have been more explicit about technicality. The significant results for two design constructs, usability and reliability, and their quadratic terms, across data contexts provide convergent evidence for their influence on crowdsourcing decisions.
Design Crowdsourcing and New Product Performance
We next present the results on the impact of design crowdsourcing on postlaunch new product performance using data from Quirky. Table WA2 of the Web Appendix presents the summary statistics and correlation matrix. Equation 1 is estimated with 2SLS using the instrumental procedure, as previously noted, where the predicted result from the probit model (Equation 2) is used as an instrument. Table 5 shows the results of Equation 1 utilizing two nested models. First, we present the results of the main-effects-only model (excluding the multiplicative term b 3 ) and then present the results of the full model with interaction effects. Both models use heteroskedasticity-robust standard errors. Table 5 also shows the first-stage F-statistics and the partial R-squares of the instruments as estimated in the firststage regressions of the 2SLS procedure. The diagnostics for the crowdsourcing dummy, the crowdsourcing · idea quality interaction, and price instruments show that, collectively, our instruments are not weak (Stock and Watson 2003) .
The results in Table 5 demonstrate an interesting relationship between design crowdsourcing and unit sales. Model 1 (main effects only) shows that the design crowdsourcing dummy does not significantly affect sales (b = .566, p = .527). This indicates that the effect of design crowdsourcing, on average, is not statistically different from zero. However, Model 2, the full model that includes interaction, presents a more nuanced picture. The estimate for CrowdsourceDesign (b = 12.824, p = .002) and the interaction between CrowdsourceDesign and IdeaQuality (b = -3.188, p = .001) are both statistically significant. We remind the reader that the beta coefficients in Model 1 (the main-effectsonly model) represent the estimation of the main effect, or the average effect across the dependent variable based on the conditional mean function E(y|x) (Baum 2013) . The coefficient for CrowdsourceDesign in Model 2 (the full model with interaction) represents the estimation of the simple effect or the estimated impact of CrowdsourceDesign when IdeaQuality is at zero (for a discussion of simple effects in interactive models, see Echambadi and Hess 2007) . The significance of CrowdsourceDesign in the model with interactions and lack of significance in the model without interactions suggest that crowdsourcing the design helps sales, but only when the concept has low IdeaQuality. The sign of the interaction term helps make sense of this distinction. The negative interaction term suggests that the positive effect of design crowdsourcing on sales dissipates as the idea quality of the product concept increases.
To increase the managerial relevance of our findings, we aim to show that crowdsourcing the design helps, on average, all products with low levels of IdeaQuality (not only those at zero). We measure the marginal effect at different low levels of IdeaQuality. The marginal effect of CrowdsourceDesign is positive and significant at various levels of IdeaQuality. In fact, the positive effects do not become insignificant (p > .10) until around IdeaQuality's mean. Thus, we find support for H 1 when the product idea shows room for improvement, and we find support for H 2 . Table WA4 in the Web Appendix shows robustness of this analysis to alternative measures of sales. We also show that the results are robust, accounting for the fact that some products originated from the same raw design by using clustered standard errors (Tables WA5 and WA6 in the Web Appendix).
What Product Functionalities Does Design Crowdsourcing Influence?
A logical follow-up question to the preceding analysis is whether design crowdsourcing improves the functional design attributes from idea to final product. To test this notion, we collected additional data to assess the design of the final product as presented on the Quirky website. We replicate the maineffects-only model (Model 1 from Table 5 ), replacing unit sales (the previous dependent variable) with the change scores of the three design characteristics found to be significant in the probit model (reliability, technical complexity, and usability) as the new dependent variables. We assess the change scores, using consumer ratings, by measuring the improvement from the initial product idea to the final product for each of the measured design characteristics. We utilized the same design, same filtering questions, and the same construct questions used for the initial product ideas to assess the design characteristics of the final product, using students from the same population, but excluding any respondents who participated in evaluating the raw concepts. After aggregating the questions into the final constructs, we calculated a change score for each of the design constructs by subtracting the initial rating from the final rating. 
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For example, DReliability i , the dependent variable, would be calculated as Reliablity i,final -Reliability i,initial , where Reliability i,final relates to the score for perceived reliability of the final product and Reliability i,initial relates to the score for perceived reliability of the initial idea. This model used the same instrumental variables procedure as before and controls for the initial level of the product characteristic ratings. Three different models were run, using DReliability i , DTechnical i , and DUsability i as the dependent variables, respectively, and design crowdsourcing dummy as the key independent variable. The results (Web Appendix Table WA7) show that the design crowdsourcing dummy positively influences DReliability i (b = .548, p = .079) and DUsability i (b = .772, p = .000), but not DTechnical i (b = -.211, p = .542). These results suggest that design crowdsourcing enhances perceived reliability and usability from product idea to final product. 8
Data Robustness Checks
Use of student sample. Another potential concern with our data could be that we used undergraduate business students to assess design ratings and idea quality. The primary objective of crowdsourcing is to design products that are aligned with what people want. Thus, it is clear that consumer preferences around product design attributes drive the crowdsourcing decision. Our use of student surveys is representative of these considerations of obtaining consumer preferences to aid managerial decision making. Students are often used as proxies for general consumers (e.g., Aaker and Keller 1990; Larson and Billeter 2013) . Furthermore, students are a specific target segment for Quirky, as evident from some of the product descriptions, such as "dorm occupants needn't schlep their shower shoes; just hook a cord around them and they're along for the ride." Therefore, students are representative of a strong consumer base for Quirky. However, to show that the student ratings are similar to the ratings from other general segments, we collected product ratings for a subsample of the same products from two different groups of respondents: one group recruited from MTurk and another group of business professionals (master of business administration [MBA] graduates, using a panel provided by Qualtrics). 9 We randomly selected 42 products (3 products from each of the 14 blocks) and had each group rate the products on the same construct questions shown in Table 3 . We compared these ratings with the earlier ratings for the same 42 products taken from our original (undergraduate business) sample. We first performed a comparison of between-sample similarities using correlations between the samples, and then a comparison of within-sample similarities using the Jennrich test (Jennrich 1970) .
The high and significant correlation between the MTurk ratings and the undergraduate ratings across the 42 products for technical complexity (.714, p < .001), usefulness (.528, p = .003), reliability (.305, p = .049), usability (.609, p < .001), and novelty (.449, p = .003) demonstrates that the construct scores are consistent across these different respondent groups. Next, we used the Jennrich test of equality of correlation matrices, which formally tests whether the correlational structure for the five constructs differs between the groups (Jennrich 1970) . In other words, it tests whether the correlation matrix for the student sample is similar to the correlation matrix in the MTurk sample (e.g., Compas et al. 1989; Gande and Parsley 2005) , without requiring the assumption of equal means or standard deviations (Gande and Parsley 2005) . The test shows no significant difference (p = .87). In other words, we fail to reject the null hypothesis that the correlational structures are equal, indicating that the relationships among constructs are similar across samples. Similarly, if we include the design crowdsourcing dummy and the idea quality rating in the correlation matrices, the test again shows no significant difference (p = .61).
Next, we recruited 135 business professionals using a Qualtrics panel to rate the same 42 products. All constructs between the two samples (students and MBA professionals) were significantly correlated ( p < .01), except for Reliability, demonstrating that the ratings on the construct scores are generally consistent across these two respondent groups. The Jennrich test showed no significant difference ( p = .59) between matrix structures. Similarly, if we include the design crowdsourcing dummy and rating on idea quality, the test again shows no significant difference ( p = .72). We elaborate on the Jennrich test and other robustness checks regarding our sample in the section on additional robustness checks in the Web Appendix.
Nonlinearities. One possible question is whether the use of all of the quadratic terms is warranted in the model predicting the probability of design crowdsourcing. We have noted that extant theory suggests that at least two of the constructs should be nonlinear (technical complexity and usability). Therefore, we replicate Equation 2 but include only two quadratic terms for technical complexity and usability (see Web Appendix Table WA8 ). The same constructs that are significant in the previous analysis (Table 4) are significant (Technical, Technical 2 , Reliability, Usability, and Usability 2 ) and in the same direction. In addition, the same constructs that were previously not significant (Useful and Novelty) are still not significant. 8 We rationalize post hoc that technical complexity may be more significant in the antecedents model than in the change-score analysis because technical complexity may be more internal and, thus, significant when firm capabilities matter in the decision of whether to crowdsource. The change-score results demonstrate that crowdsourcing improves those attributes of design that are perhaps more user-centric. 9 For the MTurk sample, we recruited 165 respondents to rate 42 products (average age = 39.8 years old, 39% male, median household income: $50,000-$99,999). Respondents in the Qualtrics sample had all graduated from an MBA program (average age = 48 years old, 64% male, medium household income: $50,000-$99,999, average work experience in business: 18 years). The same scales were used for the five design constructs and the average rating across the respondents (at least five respondents per product) was obtained. All Cronbach's alpha/correlations are above .80 for the MTurk sample and above .70 for the Qualtrics sample.
Discussion
The use of design crowdsourcing to seek external inputs during design is emerging as a significant practice. Our article is one of the first to build and test a theoretically grounded model of factors that influence the design crowdsourcing decision and the effect of design crowdsourcing on performance, providing implications for both academics and managers.
Contributions to Theory
Knowledge management theory. Our exploratory insights contribute to the knowledge management literature by revealing how design crowdsourcing, as a mechanism, can help improve the NPD process and performance. Design crowdsourcing aids in knowledge identification by aggregating diverse sources of user-based design knowledge and extracting novel, workable, and meaningful design solutions. The literature on ideation crowdsourcing reveals similar insights on the use of the crowd as a resource base for ideas during the opportunity identification stage. We complement this research by illustrating how crowdsourcing can strategically tap into the crowd during the critically important design stage. Design crowdsourcing bolsters opportunity exploitation by supplementing NPD resources and creating a more collaborative process of integrating external solutions with in-house guidance, thereby contributing to product development and performance.
Crowdsourcing theory. We add to the extant crowdsourcing literature by illuminating the antecedents of design crowdsourcing and by examining design crowdsourcing's effect on new product performance. Exploratory interviews and results reveal that the inherently iterative, userdriven, and evolutionary process of design crowdsourcing can lead to a more focused search for innovative solutions while simultaneously enhancing product effectiveness. Our analysis reveals that product ideas with significant need for improvement may likely benefit the most from this iterative process that allows for crowd-driven refinement and enhancement of such ideas.
Product design theory. We contribute to the literature on product design by finding that design elements-usability, reliability, and technical complexity-matter in influencing crowdsourcing decisions. Surprisingly, usefulness and novelty do not emerge as significant drivers from our data. One post hoc explanation is that novelty and usefulness matter during idea selection, where the emphasis may be on differentiation, while the other dimensions are of consequence during design selection, where the emphasis may be on objective functionality and user experience. Based on the design literature (Noble and Kumar 2010) , it seems that managers may be seeking utility from design crowdsourcing to enhance function (rational value), and user experience (kinesthetic value), rather than differentiation (emotional value). Furthermore, this research establishes that the crowd can serve as a knowledge resource for design solutions, and design crowdsourcing can improve user perceptions of design from ideas to products.
Managerial Implications
Our results provide three important managerial implications. First, whereas managers may fear losing control of the design process by opening it up, our interviews indicate that they can maintain better control over the design process, while creating slack for their research and development/ design team, through the process of engagement/iteration with users/designers by selecting appropriate design crowdsourcing platforms. Furthermore, managers are faced with pressure to generate greater numbers of innovative products while being constrained by internal resource limitations. Therefore, they often prioritize only their best product ideas and concepts, discarding many others. Our results suggest that design crowdsourcing can help managers move a greater number of ideas through development by using the community's help in making (initially) less-promising ideas marketable. Thus, we address the question we posed previously: there is incremental value to be extracted from even initially lesspromising ideas. Rather than discard such ideas, firms may use external sources of knowledge to develop them, and interact with these external sources extensively to ensure that the outcome is of high quality. Newer crowdsourcing firms, such as Crowdspring, are now setting up systems for the idea generator (client firm) to provide feedback to the community as the community aids in the design process. This feedback process may be rated and monitored by the crowdsourcing platform. It is this interactive and iterative process of design and development that eventually moves ideas into production, and herein lies the true value of design crowdsourcing.
Second, our analysis suggests design crowdsourcing increases the perceived reliability and usability from ideation to final product. Managers of client firms aiming to improve specific functional attributes of design may turn to crowdsourcing as a supplementary design resource.
Third, we provide insights to the crowdsourcing platforms, as well as the client firms, on better managing the process of crowdsourcing. First, design crowdsourcing firms are increasingly facing pressure from members of design communities, who perceive a threat posed by the availability of thousands of low-cost designs provided by the crowd. (Grefe 2016) . Our research suggests that design crowdsourcing can help improve specific design functionalities through a process of iteration and feedback. Design crowdsourcing firms can (re) position themselves as intermediaries that help solve genuine product needs. Second, this research emphasizes the iterative process of design. However, given the start-up nature of many of the crowdsourcing platforms, there may be difficulties in empathizing with the end user(s) throughout the entire design process. As an executive remarked when we presented our summary results, "[Empathizing] sometimes falls by the wayside due to outside constraints such as budget, timing, exhaustion, or purely wanting to keep things simple." Our results may provide insights to such platforms on the optimal timing of user engagement at different phases of NPD. Third, our qualitative interviews suggest that managing the design crowdsourcing process may not be trivial, similar to insights from ideation research that suggested that firms may be overwhelmed with ideas from the crowd, and, thus, this Design Crowdsourcing / 121 research suggests that the decision to crowdsource should not be taken lightly. This is one reason for the growing popularity of third-party platforms, as these platforms assist in managing much of the process and provide important guidance to managers.
Limitations and Promising Avenues for Future Research
We note a few limitations of this research and discuss research opportunities. First, our key results are based on the product performance (sales) of a single firm. Although our results have significant implications, they do not directly speak to the viability (or profitability) of the overall business models. 10 Future research will benefit from a large-scale study involving nonplatform firms. Second, our sample for the product concepts originated from students. While we validate our constructs using another crowdsourcing platform and ratings from other sources, future studies can make substantial contributions by using broader consumer and managerial surveys. Third, we do not consider firm capabilities, which may influence the decision to seek an external solution (Afuah and Tucci 2012) . While this limitation is mitigated because all our products come from the same firm, caution should be used when extrapolating these results to other companies. Fourth, all of the product ideas in this data set originated from the community, and crowdsourcing design may have different results depending on whether the product idea had originated internally or from the community. Fifth, there are likely differences in efficacy or the degree of collaboration depending on whether design solutions were consumer generated or designer generated. Although the current context cannot address these issues, these are promising questions for future research. Future research could examine effective mechanisms to incentivize collaboration in crowdsourcing platforms and determine best practices for managing design crowdsourcing. It is our hope that our findings motivate further research on crowdsourcing decisions in various phases within the NPD process.
